The severe impact of traffic accidents, along with a large number of deaths and disabilities, necessitates further improvements in rescue path optimization. To make the emergency rescue more efficient and furthermore ensure health care in life-saving and mitigating traffic congestion as soon as possible, a methodology for rescue vehicle path optimization, timing co-evolutionary path optimization (TCEPO), is proposed to optimize the rescue path. Distinguishing from conventional online re-optimization (OLRO) and co-evolutionary path optimization (CEPO), in TCEPO, each optimization process co-evolves with future traffic environment that keeps changing over time, and the best path will be modified timely based on the predicted routing environmental dynamics (PRED) and recent traffic data. Besides, for better computation efficiency, this research reports an improved ripple spreading algorithm (RSA) as a realization of TCEPO to resolve the optimality problem. The modeling and solutions of TCEPO are discussed in detail to illustrate the applications in emergency rescue path optimization. In order to compare the performance of three methods (OLRO, CEPO and TCEPO), the same optimization tasks and scenarios are presented, and numerical simulation is carried out 100 times. Experimental results clearly prove that the proposed TCEPO possesses stronger robustness and is about 17.65% to 40.02% shorter than CEPO, as well as about 26.34% to 38.47% shorter than OLRO in terms of the travelling time under the PRED with various uncertainties. These advantages have a great impact on raising efficiency and reliability of emergency rescue, which can help rescue vehicles reach the destination as quickly as possible and save more lives.
I. INTRODUCTION
Accident emergency rescue, is fundamentally important to prevent further deterioration of the impact of urban road traffic accidents and save the lives of those injured people. Given the high number of vehicles on the urban road every day, there still exists some risk factors which were found to be significant to the severity and probability of accidents [1] - [4] . In general, traffic crashes are complex events that involve a variety of human responses to external stimuli, risky driving behavior, roadway features, traffic factors, environmental conditions, infrastructural factors and complex interactions The associate editor coordinating the review of this manuscript and approving it for publication was Lin Wang. between vehicles, which are really hard to prevent completely, but can be handled efficiently [5] . According to the World Health Organization (WHO), the number of injuries caused by road traffic accidents worldwide is sharply increasing, due to the weak awareness of traffic safety and insufficiency of transportation infrastructure [6] . Furthermore, traffic crashes occur frequently in urban road, which leads to severe disturbance to the traffic flow. Therefore, there is a pressing need for more efficient and reliable emergency rescue.
Rescue path optimization is an essential component in emergency rescue because the efficiency and reliability of emergency rescue are often subject to rescue path optimization. In other words, the efficiency promotion problem of VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ emergency rescue can be transformed into how to find out the shortest path between the rescue origin and the accident destination, which has been developed by many types of research [7] - [9] . As a result, it is worth further efforts to explore more effective methods in terms of path optimization, which can raise rescue efficiency and control the scope and severity of traffic accidents. Apparently, there mainly exist two categories of methods to deal with emergency rescue path optimization, one is static path optimization (SPO), and the other is dynamic path optimization (DPO). As an important theoretical foundation, SPO mainly focuses on how to search for the shortest path in static routing networks. A great number of mature methods based on specific search rules are used to develop SPO till the present moment, such as breadth-first-search [10] , depthfirst-search and best-first-search [11] , among which the A * algorithm and Dijkstra algorithm are the most widely applied because of their excellent adaptability and optimal performance [12] - [16] . Generally speaking, path planning is often influenced by time-varying factors in urban routing networks, such as natural disasters, signal control, traffic congestions and other uncertainties [17] - [23] . Thus, in order to reflect the time-varying characteristics of actual traffic environment more appropriately, especially in routing environment, a large number of researches on DPO emerged [24] - [27] , among which online re-optimization (OLRO) has become the mainstream to effectively deal with DPO [28] , [29] .
Basically, OLRO-based methods regard DPO as SPO which varies with time, and the paths need to be carried out so long as there are any changes in the routing network. Due to time restriction, the core technique of OLRO-based methods is to find out the best paths effectively from current location to the end as fast as possible according to the current traffic state of routing network, which means it is actually tackling SPO in real-time. Therefore, the focus of the OLRO-based methods is then often put on how to search for the best paths at the present moment, and modify the existing paths as traffic environment changes. However, the actual travelling trajectory calculated by such methods is hardly optimal, although the results may be optimal for each run. It is a critical reason that those OLRO-based methods ignore the correlation and predictability of routing environmental dynamics (RED), and simply divide DPO into several SPO sub-problems. In practical applications, there is an obvious limitation of time lag for OLRO-based methods, which fails to steer clear of the coming congestion areas in advance, and exerts a great deal of extra rescue time. On the other hand, the congestion dissipation trend is hardly analyzed without the predicted information of traffic parameters, which may result in taking redundant detour decision and further enlarges the rescue time.
Thanks to the booming computer science fields, many types of researches for natural disasters and short-term traffic flow forecasting spring up, which makes some changes become predictable more or less in routing environment, e.g., typhoons [30] , [31] , earthquakes and the spatial-temporal evolution prediction of traffic congestion [32] . However, the researches of path planning based on the dynamic prediction of routing environment emerge promptly. Hu and Liao [33] , [34] firstly proposed a method of co-evolutionary path optimization (CEPO) to resolve the path optimization in given dynamic routing environment (POGDRE) via forecasting the moving obstacle area. Please note that the main advantage of CEPO is to steer clear of the congestion areas or avoid wrong bypass measures, which can reduce the travel time of travelling trajectory dramatically. According to the existing experimental results, taking advantage of this predictable routing environmental dynamics, plays a crucial role in raising the performance of path optimization methods. Superficially at least, CEPO seems to be efficient because of its excellent optimization performance for resolving some problems in path planning. However, there still has a slight flaw in a white jade for rescue path planning. On one hand, the existing CEPO is oriented to resolve POGDRE on account of forecasting the obstacle area moving dynamics, but not take urban traffic flow parameters for foundation, which means it is just feasible but not yet really appropriate for emergency rescue. On the other hand, it assumes link speed is fixed, even without considering the extra delay that vehicles pass through the nodes, which is inconsistent with reality. Moreover, the uncertainties tend to be more prominent in urban routing environment, which seriously affects the reliability of rescue time, and makes the injury of the wounded man get worse even die of untimely medical treatment. To sum up, due to the complexity and variability of the urban routing environment, emergency rescue is sorely in need of a more adaptable and robust method to address uncertainties in path optimization.
To satisfy the demands of emergency rescue, this paper is particularly concerned with how to make the actual trajectory optimal and raise its reliability, under the predicted environmental dynamics. Inspired by CEPO [30] , this paper integrates the advantages of OLRO and CEPO, then proposes a methodology of timing co-evolutionary path optimization (TCEPO) with the powerful capability of robustness without losing efficiency. Furthermore, ripple spreading algorithm (RSA) is modified to realize TCEPO considering micro-running characteristics of vehicles in the urban road.
The remainder of this paper is arranged as follows. Section 2 describes the formulation model of the proposed TCEPO. Section 3 explains how to improve RSA to realize the TCEPO. Section 4 gives some experimental results. Discussion and some realistic implications are illustrated in Section 5. Finally, this paper ends with some conclusions and future work in Section 6.
II. PROBLEM DESCRIPTION AND MODELING A. OBJECTIVE FUNCTION
Due to the particularity and urgency of emergency rescue, whether the injured can be treated in time, and the expansion of scope affected by traffic accidents both depend on rescue time. In this paper, rescue time denotes the time when the rescue vehicles arrive at the scene along the optimized path once receive the rescue signal, which is used to express the rescue efficiency and mainly subject to the rescue path. In general, rescue time is composed of the response time and the travelling time. Let T denotes the rescue time, T 1 denotes the time to calculate the optimized path once receive the rescue signal, which is only concerned with how fast the algorithm finishes the calculation progress in this paper, and T 2 denotes the time that rescue vehicles travelling along the optimized path. Thus, the objective function is shown in Eq. (1) .
In practical application, emergency rescue not only needs to minimize the rescue time, but also ensure its robustness. Relatively speaking, the travelling time is usually a major concern in rescue path optimization, especially in dynamic routing environment [35] , [36] . The main reason is that response time only accounts for a tiny fraction of total rescue time (less than 1%), and the value and reliability of the rescue time mainly depend on the travelling time. Therefore, this paper is particularly interested in reducing the travelling time and strengthening its robustness.
B. SYMBOLS
Based on the needs of building the model, this paper uses the corresponding symbols which are listed in Table 1 .
C. BASIC IDEA OF TCEPO
Despite the enormous research literature on short-term traffic flow forecasting, there is always some uncertainties existing in the routing environment, which may accumulate over time and bring the interference to the path optimization procedure. Therefore, the actual travelling trajectory based on OLRO or CEPO is unlikely to be optimal. For this reason, the TCEPO methodology proposed in this paper integrates the basic idea of re-optimization periodically and co-evolutionary optimization. In other words, TCEPO essentially possesses the core characteristics of CEPO to evolve with the changes of routing environment, as well as the advantages of OLRO to cope with the imprecise prediction due to uncertainties according to actual feedback.
In this paper, any changes in routing environment will be ultimately presented by certain changes of nodes or links in the associated route network. Let P * t denotes optimal path calculated at time t, N is the number of nodes in the network, A t+k|t is the adjacency matrix of all nodes for the future time t + k predicted at time t, M is a vector recording those nodes or links whose states will be predicted. N tim is the timing interval to re-optimize, S(t) is the traffic states of routing environment at time t, and S(t + k|t) denotes the traffic states of routing environment for the future time t + k predicted at time t, k = 1, . . . , N unit .
As presented in Fig 1, the basic idea of TCEPO is to take the current position as a new starting point, the optimization step co-evolves with the routing environment, and then find out the best path based on the predicted traffic environment of networks. In addition, the new optimized path will be recalculated via dynamically updating history database at certain intervals until the rescue vehicle arrives at the destination. For this mechanism, the methodology proposed in this study is called Timing Co-Evolutionary Path Optimization. Therefore, the definition of TCEPO is, under a predicted routing environmental dynamics (PRED), to make the actual trajectory optimal by recalculating the best paths in regular intervals, and the time-unit-oriented optimization step coevolves with PRED in each run.
D. MATHEMATICAL DESCRIPTION
To make the research results more realistic and valuable, there are two assumptions about data acquisition and traffic rules for the rescue vehicle. On one hand, accessibility and the strong real-time property of traffic data are the most important basis of dynamic path planning research, which must be considered in this research [37] . With the continuous improvement of urban road infrastructure, the data collection technology of traffic condition is gradually developed to be perfect in many countries, which means the traffic data collection become accessible and real-time. This fact provides the research with powerful support in the aspect of data acquisition, which makes the model assumptions more reasonable and practical.
On the other hand, the rescue vehicle will spend some extra delay time on crossing the signalized or uncontrolled intersections. Unlike the highway network, there still exist many signalized intersections in the urban network. Due to the constraints of different traffic regulations, all social vehicles usually are forced to stop at signalized intersections and queue up for traffic in turn, which makes the following rescue vehicle have to wait or slow down. Besides, some risky traffic events may also be a critical factor that makes rescue vehicle wasting extra time to avoid it, for instance, traffic conflicts and the other dangerous driving behaviors [38] . Based on the above facts, this research gives the following assumptions: Assumption 1. Under the predicted routing environment, the moving vehicle is able to acquire the real-time traffic data of the urban network during driving. Assumption 2. When the moving vehicle passes through a signalized or uncontrolled node, it must wait before the blocked node until the node becomes accessible, and this procedure may produce a certain travel delay.
In view of this, TCEPO aims to resolve the following minimization problem:
where O j is the current original node, F(O j ,L(P * t )) is a cost function calculating the travelling time along the path P * t from the node O j , L(P * t ) is the number of all nodes in path P * t . The optimization objective is defined in Eq. (2), which is subject to the following equations.
where P * t is dependent on when the sub-path will be travelled through.
One can see that, the cost of sub-path in P * t is closely related to when the sub-path is travelled through in Eq. (4) and Eq. (5). Predicted changes in d t+k|t and C t+k|t over time are generally determined by evolving dynamics of routing environment [31] , which is shown as follow:
, f dynamic is given by all kinds of forecasting methods, and it can conduct the optimization to find out the best path P * t .
E. UNCERTAINTY IN PREDICTED ROUTING ENVIRONMENT
In general, RED is predictable, but it is almost impossible to be 100% accurate. Most of the existing short-term traffic flow forecasting methods based on multiple intelligent algorithms can predict with nearly 90% accuracy, such as Markov chain, Neural network, Logistic regression and Cuckoo algorithm. Please note that, the prediction error will accumulate over time, and particularly the dynamics uncertainties of traffic congestion caused by sudden accidents, which makes the optimization results and reliability of the path planning method get worse. Express it mathematically, Eq. (6) may be modified as
where ε(t +k) denotes the prediction error in the RED at time t + k, and its evolution can be roughly estimated in Eq. (7) . In urban routing environment, it is assumed that ε(t + k) is represented by the prediction error of d t+k|t and C t+k|t made at time t. Furthermore, the uncertainties are clearly shown in Eq. (8) .
However, under PRED with the uncertainties, the feedback mechanism of timing re-optimization does strengthen the robustness of TCEPO, and make the actual travelling trajectory get closer to the best path. As shown in Fig. 2 , TCEPO designs the optimized path based on the analysis of the future evolutionary trend of obstacle area, which effectively avoids the negative interference from a shrinking or spreading obstacle area. a) indicates that the rescue vehicle forecasts the evolutionary trend of obstacle areas at origin node O j , especially estimates whether the future traveling path will be transformed into a congested state, in order to find out the best path on the basis of these changes. b) describes that when the rescue vehicle reaches the original obstacle area along with the optimized path, it would be less likely to be held back by a continuously shrinking obstacle A, which may save a considerable amount of bypass time. c) demonstrates that when the rescue vehicle leaves the predicted boundary of the original obstacle area along with the optimized path, it may just right avoid being held up due to the spreading obstacle B. d) indicates that the actual travelling trajectory of the rescue vehicle may be quite closer to the best path in reality.
III. ALGORITHM DESCRIPTION
In order to implement the TCEPO methodology, it is necessary to explore an appropriate algorithm. Although many mature single-source path planning algorithms (e.g. A * algorithm, Dijkstra algorithm, etc.) and heuristic algorithms (e.g. genetic algorithm, particle swarm optimization algorithm, etc.) show their significant and distinguishable application value in dealing with SPO and DPO, mass spatial data render the storing and switching efficiency of data, which leads to serious scalability problem in terms of both memory demand and computational efficiency. Moreover, those heuristic algorithms, such as genetic algorithm, ant colony algorithm and particle swarm optimization, usually have a stochastic, the premature convergence may happen and lead to the loss of diversity and optimal of optimized paths, which is hard to implement TCEPO directly. In order to satisfy the demand of both data management and finding out optimal solutions, an improved ripple spreading algorithm is proposed [39] .
A. CORE IDEA OF ALGORITHM
The core idea of RSA algorithm is to apply parallel procedures of the ripple relay race, starting with the origin node to evolve the RED with the aim of finding the best path from the initial node to the end. In a ripple relay race, there are four states (inactive, waiting, active and dead) for all nodes, which reveal the dynamic evolution of networks [40] , [41] . When a ripple reaches an inactive node, it will activate the node and trigger a new ripple at the node, and so on. Please note that, the ripples will compete with each other to the end in different spreading speed. The ripple relay race will be ended once the end node is reached. With the purpose of minimizing the travelling time as possible, the shortest path from the origin to the destination is determined by the first ripple that reached the destination node, and the node sequence of the shortest path is generated by tracking back those nodes travelled by ripples. Obviously, the spreading speed of ripples can vary with the RED simultaneously at each time unit, which means the ripple relay race is a timeunit-oriented procedure in accordance with the demand of the co-evolutionary optimization for TCEPO. In view of this, it is completely feasible to take RSA as a realization of TCEPO compared with other intelligent algorithms.
To extend the RSA to realize the TCEPO, it is essential to integrate the micro-running characteristic of urban routing network into the ripple relay race. The illustration of a ripple relay race to improve RSA is given in Fig 3, and the revisions as follow:
• To make the actual trajectory better, it is crucial to allow the ripples to wait at nodes or links, which reveals the queuing behavior of vehicles arriving at the signalized intersections or congestion areas.
• In order to boost the computational efficiency, during the process of the ripple relay race, it only needs to forecast the short-term future information of those adjacent links or nodes, which tend to be travelled through by ripples.
• There might be many variable statuses of links in urban routing network, which can result in remarkable differences exist in the spatial and temporal distribution of the average speed. Therefore, the spreading speed of ripples must be consistent with the average speed of the associated links to minimize the travelling time and enhance its robustness. Moreover, the ripples will no longer spread around in the form of a circle, but with the multi-segmental arcs.
B. ALGORITHM STEPS DESIGN
To simplify the description of the problem without losing generality, this research supposes that: the network has N nodes in total, the origin and destination are still node 1 and node N respectively. In a ripple relay race, the node i can be triggered once at most and its ripple called ripple i, which can split up to four arcs at most with different spreading directions and velocities. This feature reveals the connectivity between the node i and its adjacent nodes, as well as reflects spatialtemporal diversity of traffic status in urban routing network. Let S R (i) denotes the state of ripple i, S R (i) = 0, 1, 2, 3 means ripple i remains inactive, waiting, active and dead respectively. r(i) is a set of the current arc radius of ripple i, r(i,j) denotes the arc radius in direction of node ito node j, r(i,j)∈ r(i) and i = j.V t+k|t (i) and V t+k|t (i,j) are the set of spreading speed of r(i) and r(i,j) in the future time t + k predicted at time t, respectively. One can see that, V t+k|t (i) and r(i) are mutually corresponding and interdependent, which are both descriptive variables for different dimensions of the same arcs. F R (i) records the node number of ripples that trigger the node i, which is an important basis to generate the best path via tracking back, and F R (i) = j > 0 represents the node i is triggered by the ripple of node j, F R (i) = 0 denotes the node i stay inactive. When the ripple relay race is terminated, the optimal path can be derived by F R (N ) with a method of iterative backtracking, and the formulation as:
For the sake of optimality conditions for efficient solution, the speed V t+k|t (i) must satisfy the following constraints:
where L min is the shortest length of all links in the network, t unit represents the time unit. Consequently, the flowchart of the improved RSA applied to TCEPO considering microrunning characteristics in the urban network, as shown in Figure 4 .
One can see that, the ripple relay race of the improved RSA is still carried out on the initial routing network, as shown in Fig 4. Step 1 initializes some variables for all nodes.
Step 2 and Step3 well describe the conditions about how to start and end the ripple relay race, respectively. Step 4 and
Step 5 define the co-evolving relationship between RED and ripple relay race. Step 6 illustrates the method about how to calculate the arc radius of those accessible nodes, which are reached by other ripples at first. Step 7 means that, if the inactive and blocked node is reached by ripple firstly, then its state will be transformed into waiting from inactive.
Step 8 defines that the ripple i will become dead, which means it will not continue spreading any longer, once all of those nodes adjacent to node i have already been activated.
Step 9 and Step 10 well explain how to output the best route and re-optimize the remaining sub-paths at certain intervals, according to the new predicted routing environment. Please note that, all processes described in Step 5 to Step 8 are only for predicted time t + k|t.
IV. SIMULATION EXPERIMENTS AND ANALYSIS
Basically, due to the special demands of emergency rescue, the travelling time and its reliability are both critical evaluation index for a methodology of path optimization. In this experiment, this study is particularly interested in how to devise multiple typical scenarios to give a comprehensive assessment of the advantages for TCEPO in terms of reducing the travelling time and boosting up its robustness. Thus, this section reports two sets of experiments to compare TCEPO with OLRO and CEPO in terms of the travelling time (TT), calculation time (CT) and path length (PL). To evaluate the efficiency and anti-jamming capability of TCEPO, the research conducts two tests. One is for the random networks without uncertainties in PRED, while another one is for the random networks with uncertainties in PRED. In OLRO, as the most the widely applied method of path optimization, the Dijkstra algorithm is used to repeat calculating the best path on real-time routing network. In CEPO and TCEPO, the improved RSA is taken to find out the shortest path. Besides, it is of great significance to select an optimal timing interval for TCEPO, which can be neither too large nor too small, and here set N tim = 5 temporarily as a feasible reference.
A. EXPERIMENTAL HYPOTHESIS
For the purpose of diversity, the route network is generated by means of randomly selecting the locations of N nodes, which are evenly distributed on a rectangular area. There are 4 network scales with N = 400, 1600, 3600 and 6400 respectively, where each node just only has 3 or 4 connections, and the shortest path between nodes is less than 150 m. In theory, the position setting of the origin node and destination node in the simulation network will be unlikely to make a significant impact on the experimental results, due to each network scale is relatively large. Thus, this little difference can be ignored in this experiment. To find out the position of the origin and destination node directly, and maximize the number of nodes between the origin node and destination node, the initial origin node is still set as the left-bottom, as well as the destination node is still set as the right-top node. Furthermore, in order to achieve optimal computation efficiency, the simulated time unit is better to be set as 1 min. However, as mentioned above facts, there are following experimental hypotheses.
• Due to the speed limit management in the city, the initial speed matrix generated by a normal distribution function, and set V 0 (i,j) ∼ N (40,5) and 0 < V 0 (i,j) ≤ 60, the unit is km/h.
• Despite the average speed of links change with time unit, due to the relative stability of short-term traffic flow, the speed variation will be confined to a small scope. Therefore, this research assumes that the speed variation accord with approximately uniform distribution, let α t (i,j) denotes the speed variation of the link (i,j) at time t, which is defined by [−4, 4] randomly. The average speed of links can be calculated as follow:
• Owing to the restriction of signalized intersections in the urban network, there has a certain delay for the moving vehicles passing through nodes. Let d(i) denotes the delay of signalized node i, which is limited to [20, 60] and the unit is s.
• In simulated networks, the evolution of PRED can be viewed to represent the spreading or shrinking of congestion areas. As shown in Fig 5, N/25 central nodes of congestion areas are selected evenly to spread out asynchronously in the simulated network, and all central nodes of congestion areas are 10 nodes apart. During the spreading process, all adjacent nodes of central nodes would be converted into congested nodes, and then these new congested nodes will continue to propagate congestion to their all adjacent nodes in every 2 minutes. Similarly, the shrinking process is the inverse of the spreading process, and both of them will repeat this process regularly.
B. EXPERIMENT 1: EFFICIENCY ASSESSMENT WITHOUT UNCERTAINTIES IN PRED
In emergency rescue, it is evident that the rescue time is more important than path length for path optimization. Therefore, in terms of efficiency assessment, this sub-section mainly focuses on TT and CT to achieve an understanding comparison between the performance of OLRO, CEPO and TCEPO, as shown in Fig. 6 . Some results are given in Fig 6 and Table 2 . The Fig 6 (a) , Fig 6 (b) and Fig 6 (c) show the actual travelling trajectories of OLRO, CEPO and TCEPO without uncertainties in PRED, respectively. One can see that, OLRO is committed to finding out the current shortest path when it meets ever-changing congestion areas, and the optimized path has to be modified constantly, which results in the larger travelling time and path length of the actual trajectory. Due to the advantage of recognizing the dynamics of congestion areas in advance, CEPO and TCEPO both make the actual trajectory keep away from the imminent congestion areas at the right time. As a result, in PRED without uncertainties, it just has a tiny gap between TCEPO and CEPO, which are much smaller than OLRO in terms of the travelling time. Table 2 gives the average results of TT, CT and PL in four different network scales. Despite the OLRO does not allow waiting at nodes, it always can travel through the congestion areas with relatively low speed. From Table 2 , one may have the following observations:
• In terms of TT, TCEPO and CEPO both evidently outperform OLRO. Remarkably, the actual travelling time of TCEPO is approximately 29.91% to 43.21% shorter than OLRO. It might be a possible reason that RED can be informed in advance to determine whether waiting before a temporary congestion area or steering clear of the coming congestion areas in TCEPO. In addition, TCEPO just has a little gap with CEPO within 10% in TT. This is understandable, because timing optimization may lead to the possibility of losing optimality for TCEPO. However, CEPO and TCEPO both exhibit enormous advantage. In particular, the difference between TCEPO and OLRO clearly increases with the expansion of network size, which means the advantages of TCEPO are the most significant in large and complex routing network.
• Generally speaking, CT is also a significant impact on rescue response and real-time computation. In this paper, the CT of OLRO and TCEPO are the sum of all re-optimization times, while the CT of CEPO is the time of just a single run. Then, due to the computational process runs synchronously with the rescue vehicle, only the calculation time of TCEPO and OLRO at first run influences the efficiency of rescue response, even though it looks like CT of TCEPO and OLRO both far outweigh that of CEPO. Therefore, the CT of TCEPO in each run is similar to CEPO, and its order of magnitude is significantly less than TT, which leads to a very limited impact on rescue efficiency.
• Finally, PL of TCEPO is about 20% to 35% shorter than OLRO, even shorter than that of CEPO. As a result, perhaps PL is not the most critical indicators, but always reduces the cost of rescue work, which indicates TCEPO has great application value in other fields that consider path cost.
C. EXPERIMENT 2: RELIABILITY ASSESSMENT WITH UNCERTAINTIES IN PRED
In a real application, it is crucial to evaluate the reliability of the optimized path, because there still exist uncertainties in PRED. Thus, due to the imprecise information and random evolution of traffic network, the network environment is variable and the uncertainties will appear and become large over time, which is quite different with the best path of a complex network [42] , [43] . In theory, the optimized path of OLRO is based on the actual RED without uncertainties, so it will be not considered in this experiment. Although the framework of CEPO and TCEPO can tolerate the uncertainties in PRED, it usually will lose certain optimality. Therefore, it is essential to test their reliability in practical application and confirm what extend PRED uncertainties may degrade the performance of CEPO and TCEPO. Suppose in PRED situation, the average speed of the link (i,j) at time t+k|t is calculated as follows:
where ε(t + k) defines how large the PRED uncertainty is, β determines how large the initial error is in different spatial distribution, and ϕ defines how fast the error may accumulate over time on account of PRED uncertainty. In this experiment, let ϕ = [0, 0.05, 0.1, 0.15, 0.2] and β = [0.05, 0.1]. However, a larger ϕ or β means a larger uncertainty. Then, this paper conducts a comparative test of CEPO and TCEPO, and the average results of 100 networks in terms of TT are shown in Table 3 and Table 4 . From the above tables, one can see that:
• In terms of TT, under PRED scenario with uncertainties, TCEPO visibly outperforms CEPO. These results are easily understandable. In TCEPO, timing feedback for realistic RED is allowed, because it is possible that such a feedback step can eliminate the cumulative effect of uncertainties at a regular time, and make a more and true accurate prediction. A smaller TT associated with a strong robust is a sign of such timing feedback. Compared with TCEPO, the uncertainties accumulate over time and lead to a poor estimation on PRED for CEPO, which becomes erratic.
• Basically, it seems that the gap of TT between TCEPO and CEPO increases as the uncertainties become lager. Then, in the worst case of β = 0.1, TT of CEPO is about 40.02% larger than TCEPO, while the cumulative coefficient ϕ = 0.2. In the best case of β = 0.05, TT of CEPO is about 17.65% larger than TCEPO, while the cumulative coefficient ϕ = 0. Therefore, in terms of TT, TCEPO always has an excellent capacity of tolerating the uncertainties in PRED.
• Under PRED with uncertainties, TCEPO still keeps stronger reliability than CEPO. As the experiment results show, the results of CEPO are approximately 31.45% to 78.84% larger than its optimal results in PRED without uncertainties, and become much closer to OLRO, the advantage of optimality may be lost. On the contrary, TCEPO always keeps a superior performance, which is about 0.12% to 18.7% larger than its optimal results in PRED without uncertainties, as well as about 26.34% to 38.47% shorter than OLRO in TT.
Despite taking average results may well display the overall trend of the changes in TT, some important details may also be missed out. For further explore the advantages of TCEPO in reliability, some comparative results based on 100 random networks with N = 400, 1600, 3600, 6400, are given as a case analysis under β = 0.05, respectively. From Fig 7 to Fig 10, it is easy to find out the following observations:
• In terms of overall value, the travelling time of all paths generated by TCEPO is shorter than CEPO as a whole. This trend is going up as the network size or uncertainties become larger in PRED, which might be explainable that timing re-optimization can shorten the time window of traffic flow forecasting, and control the error within an exact scope even in larger uncertainties. As a result of this feature, although it is hard to achieve the optimal path, it can usually guide the actual travelling trajectory get closer to the optimal path.
• In the presence of PRED with uncertainties, TCEPO performs stronger stability than CEPO. Under multiple combinations of accumulated or constant uncertainties, data points generated by TCEPO are always presented VOLUME 7, 2019 with more intensive and distributed in smaller interval than CEPO. Therefore, the performance of TCEPO is fairly robust with respect to all kinds of uncertainties, and much less sensitive to the accumulated or constant uncertainties than CEPO. In order to show more details in depth, some experimental results of TT 85% are given in Fig 11 and Fig 12, where TT 85% illustrates the value that is greater than 85% of all results in terms of the travelling time, which reveals the global stability for CEPO and TCEPO. Please note that the results in Fig 11 and Fig 12, there still exists a wide gap between CEPO and TCEPO, and TCEPO is absolutely superior to CEPO in all networks. Through deep analysis, one can get a clear feeling that timing re-optimization might decrease the sensitivity of TCEPO for uncertainties to some extent, and strengthen the stability of co-evolutionary optimization.
V. DISCUSSION
The severe impact of traffic accidents, along with enormous human and financial costs, necessitates further improvements in emergency rescue response. In reality, path optimization plays a crucial role in emergency management [44] - [48] , and there is an extensive literature on path optimization, which has provided a broader theoretical foundation for carrying out rescue path planning modelling [49] - [52] . To resolve the problem of path optimization in emergency rescue, the TCEPO is proposed in this paper to reduce the travelling time and promote the reliability of the rescue path. By taking the minimum cost of rescue time as the objective function, the vehicle running characteristics and traffic environmental uncertainties are considered to find out the best path in path optimization. The main discussions of this paper are summarized as follow:
1) Under a predicted environment without uncertainties, the ideal performance of optimization methods can be embodied here. As the previous results show, TCEPO is approximately 29.91% to 43.21% shorter than OLRO in terms of actual travelling time. One can see that, there are two possible reasons for this result. On one hand, RED can be obtained in advance, to determine whether waiting before temporary congestion areas or steering clear of the coming congestion areas. Due to this feature, TCEPO will take less time than simply travelling around the blocked node or areas [53] , [54] . On the other hand, theoretically, the best path from the current origin to the destination must be determined based on all future routing environment. But in OLRO-based methods, the best path is just simply based on the current routing environment and constantly modified to adapt to RED [55] , [56] . Eventually, it will result in a definite time lag to deal with RED. That's why a larger travelling time and path length would be generated in OLRO-based methods. 2) In terms of rescue time, if the uncertainties are not considered in PRED, there is a fairly similar performance between CEPO and TCEPO. In reality, there are two possible reasons for this result. The one reason is that, the response time of TCEPO is almost equal to CEPO because response time is the calculation time of the first run, although the total calculation time of TCEPO is much larger than CEPO. However, response time only accounts for a tiny fraction of total rescue time, which seems unlikely to have a critical impact on rescue time. Another important reason is that, TCEPO has the same optimization mechanism with CEPO, which both allow waiting before the blocked nodes or steering clear of the coming congestion areas in advance. The timing optimization program of TCEPO may just lead to a quite limited redundant travelling time. 3) In reality, there still exist uncertainties for PRED, because the traffic flow forecasting methods usually may not be 100% accurate. Under PRED with uncertainties, TCEPO visibly outperforms both CEPO and OLRO even in the worst case. As the comprehensive results show, TCEPO is approximately 17.65% to 40.02% shorter than CEPO, as well as 26.34% to 38.47% shorter than OLRO in the actual travelling time. In CEPO, the travelling time of the optimized path becomes erratic as the uncertainties accumulate over time, even worse than OLRO. However, compared with CEPO, the performance of TCEPO always tends to be optimal and stable in different scenarios. These results are easily explainable. In TCEPO, the timing error correction for PRED is allowed, it can eliminate the cumulative effect of uncertainties based on real RED at the regular time, and find out the path that is closer to the optimal travelling trajectory.
Since rescue path optimization can effectively shorten rescue time, which can help to save the wounded and ease traffic congestion caused by traffic accidents, many researchers are still developing more efficient methods. Previous studies pay great attention to OLRO-based methods, which are mainly concerned about how fast the best path can be found out based on real-time traffic information. But in fact, it is just feasible and very far from the actual optimal travelling trajectory. However, the emergence of traffic flow forecasting methods provides a new paradigm to solve the DPO problem, which could exploit this future information in a more efficient way. The utilization of future information helps mitigate the rescue delay risks, especially in the urban road during peak period.
Due to the predicted future information usually may not be accurate absolutely, uncertainties will accumulate over time and impose a negative impact on the performance of path optimization methods. Therefore, a reasonable integration method of re-optimization and co-evolution can really play an effective role in raising emergency rescue efficiency. On this account, for the government, it is a wise choice to seek a balance point between two optimization methods to find out an ideal path both with the shortest travelling time and largest reliability, even this may lead to a much higher financial cost in emergency rescue work. In this research, the proposed method outperforms OLRO and CEPO, and achieves better results, particularly in the travelling time. The experimental results indicate that some potential application of TCEPO is recommended in the following aspects. (1) Solving the problem of the optimal scheduling for taxis under the dynamic traffic environment of the complex urban road network, and shorten the travelling time. (2) Designing shipping routes in the scenarios of typhoons or large mobile ice floes, and finding out the shortest route with strong robustness. (3) Optimizing logistics distribution path considering time window constraints under the dynamic traffic environment, and enhancing its reliability.
VI. CONCLUSION
In this paper, a methodology of timing co-evolutionary path optimization (TCEPO) based on an advanced ripplespreading algorithm is applied to solve the path planning of emergency rescue, and the effectiveness of the proposed method is verified through simulation. The results show that TCEPO possesses excellent robustness and optimization capability for rescue path optimization, and outperforms both OLRO and CEPO in terms of the travelling time. Besides the above analysis, why the TCEPO has better efficiency and the solving performance can be concluded that: (1) The proposed TCEPO combined with the future evolution of traffic environment has ''precognition'' and ''co-evolution'' feature, and the optimal path or near-optimal path can be obtained within less time. (2) In fact, the entire re-optimization process of TCEPO obviously shortens the time window of information prediction, which can periodically reduce the impact of the cumulative effect of uncertainties and control the future information within a rather high accuracy in each subprocess of iterative optimization. (3) An improved RSA algorithm considering micro-running characteristics is adopted to realize the TCEPO can promote the optimal performance and computational efficiency by the differential ripple relay race, the waiting behavior and short-term prediction of local elements.
Although it is common for path optimization to consider the future traffic environment and uncertainties, there are still other issues that need to be studied further. Firstly, it is still highly dependent on all-round data in TCEPO, which is unlikely to achieve completely in the actual situation. How to design a strategy to adaptively reduce the data magnitude is worth to study further. Secondly, the evolution mechanism and estimation method of intersection state are reflected too simply and without considering the impact of the signal control scheme, how to add more details in the aspect of intersection state analysis is also another topic in the future. Finally, the research will further compare the proposed TCEPO with other classic planning methods under the other complex environment, even more in 3D path planning so as to be in line with industrial application scenarios.
